This paper explores how the returns of country exchange traded funds (ETFs) respond to global risk factors in different market regimes. We consider the ETFs for the U.S., Canada, U.K., Germany, France, Italy, Japan, and Australia from May 30, 2000 to 
Introduction
Exchange-traded funds (ETF) have drawn much attention in the investment community and capital market, although they have only come to existence for less than two decades. By the end of January 2011, there were 943 ETFs globally, which held $1,004 trillion assets in total.
1 While international ETFs are very popular, few studies have explored the pricing mechanism for the country ETFs. This raises a number of interesting questions: How to model the returns of country ETFs? What risk factors are important in affecting these ETFs? How do the returns of these country ETFs respond to global risk factors differently in various market regimes? This paper attempts to answer these questions.
There is an extensive literature exploring determinants and appropriate pricing models for equity returns. To identify relevant determinants of equity returns, Basu (1977) and Fama and French (1992 , 1993 investigate the roles of fundamental factors such as market capitalization, earning-to-price ratio and book-to-market ratio. Chen et al. (1986) , Campbell (1987) , and Fama and French (1989) examine macroeconomic factors such as interest rate, inflation rate, yield spread (YS) and credit spread (CS). Solnik (1974a Solnik ( , 1974b To study asset pricing, economists have used different asset pricing models. Basu (1977) and Fama and French (1992) use a static asset pricing model. Harvey (1991, 1998 ) and Jagannathan and Wang (1996) use a conditional asset pricing model that allows betas to vary over time. Fridman (1994) , Schaller and Norden (1997) , Assoe (1998) One major distinction among these models is the variability of betas. A framework with a time varying feature can certainly bring more flexibility to modelling returns. As indicated by the existing literature, both the conditional asset pricing model and the RS model take into account the time varying feature of betas. Nevertheless, the latter which combines the time-varying features with the state-dependent features may shed more light on this issue. On one hand, Lewellen and Nagel (2006) find that the conditional asset pricing model performs as poorly as the traditional static model. On the other hand, Fridman (1994) , Schaller and Norden (1997) , Assoe (1998) and Liu et al. (2011) find that equity returns exhibit strong regime switching behaviours over time.
In this study, eight iShares country ETFs are studied with reference to a set of risk factors in a regime switching framework. We adopt this framework because the RS model can be better used to explore how local markets respond to global risk factors differently in various market regimes. This paper differs from the literature in a number of ways. First, few empirical studies have investigated the performance of country ETFs in different market regimes. Second, few existing studies on country ETFs adopt multifactor models which take into account common risk factors such as the commodity price index, exchange rates, and U.S. risk factors. Third, although some studies consider RS models, few estimate these models with a joint distribution on the returns of eight country ETFs.
The remaining of the paper is organized as follows. Section 2 reviews the existing literature. Section 3 introduces the multivariate RS model. Section 4 discusses the data and presents the empirical findings. Section 5 concludes.
Literature Review
Inspired by Ross's arbitrage pricing theory, the subsequent literature has investigated the impact of various risk factors on asset pricing based on various forms of the multifactor model. In this section, we review the existing studies on risk factors and pricing models, and select potential risk factors and proper models for the country ETFs.
Risk factors
To explore the determinants of asset returns, the existing literature has considered factors such as the book-to-market ratio [Fama and French (1992 , 1993 ); Hou et al.
(2006)], debt-equity ratio [Bhandari (1988) ; Hou et al. (2006) ], earning-to-price ratio [Basu (1977) ; Fama and French (1992) ], size [Banz (1981) ; Fama and French (1992 , 1993 1998)], momentum [Jegadeesh and Titman (1993) The book-to-market ratio, debt-equity ratio, and earning-to-price ratio are firm specific ratios. Fama and French (2004) state that "different price ratios have much the same information about expected returns." This implies that using one price ratio may account for all relevant price-ratios. In the same paper, Fama and French (2004) Foreign exchange risk is an important factor affecting the returns of international assets.
Roll (1992) compares stock price indices across countries and finds that exchange rates play a significant role in explaining the returns of stock market indices represented by a common currency. Dumas and Solnik (1995) find some evidence supporting the existence of an exchange rate risk premium. In addition, Ferson and Harvey (1999) find that currency risk factors are important in pricing developed market returns. In light of these studies, the model for the returns of country ETFs should take into account foreign exchange risk.
The existing studies identify several material-related factors in pricing equity returns. Jones and Kaul (1996) 
Existing models
The traditional multifactor models are often criticized for its non-time-varying feature of betas. Bos and Newbold (1984) 
A Multivariate Regime Switching Factor Model
This section discusses the specification and basic properties of the RS model, parameter estimation using the EM algorithm, the method for selecting the optimal number of regimes, standard errors' estimation using parametric bootstrap method. The mathematical specification is developed based on Zucchini and MacDonald (2009).
Specification
The RS factor model 3 can be written as:
where
is a vector of the returns on N ETFs; Z t is a matrix which has the same set of K variables in each row in period t:
s t represents the market regime in period t, when s t = j, j ∈ {1, 2, . . . , M };
In this paper, it is assumed that all returns are subjected to the same market regime changes. Thus the parameters are jointly estimated in a multivariate specification.
4 Z 1t is a vector of unity.
of coefficients conditional on the market regime in period t;
is a vector of error terms; 6 U t ∼ N (0, I), and I is an identity matrix;
Σ st = P st P st is a variance covariance matrix conditional on the market regimes. More specifically,
Basics of the regime switching model
Let X t = P st U t = R t − Z t β st , which satisfies the Markov properties:
and
The model has two essential properties. First, the probability distribution of current state only depends on the state in the previous period (S t−1 ). Second, the probability distribution of X t only depends on S t .
The transition probability matrix Γ is given by:
where the transition probability γ ji is the probability of the event that market regime change 5 All β n1j (n = 1, 2, . . . , N ) are intercept parameters and that all other β nkj (n = 1, 2, . . . , N and k = 2, . . . , K) are slope parameters. 6 Here we assume that there is no autocorrelation for u it for all i. However, u it and u jt can be correlated for all i, j = 1, 2, . . . , N . from j to i. These transition probabilities satisfy the equation
The complete data likelihood function
The complete data likelihood function (CDLL) is defined as follows:
where δ is a row vector of the initial probability distribution of all states {Pr(
,st represents the transition probability from state s t−1 to state s t ;
Forward and backward probabilities
Two probabilities are needed for computing the conditional expectations of the EM algorithm. First, the forward probability is defined as follows:
The jth component of α t is α t (j), which satisfies
Using equation (6), we can derive the following equation by induction.
Second, the backward probability is defined as follows:
The jth component of ρ t equals to
where X T t+1 denotes the vector [X t+1 , X t+2 , . . . , X T ]. This equation can be derived by induction.
Combining equations (7) and (9), we can infer
Following equation (10), we can infer the CDLL
and the conditional state probability
The conditional transition probability can be written as follows:
Parameter estimation
We use the log CDLL with the observations x 1 , x 2 , . . . , x T and the missing data 8 s 1 , s 2 , . . . , s T to estimate all parameters in the model. The log CDLL is derived as follows:
In this setup, there are three sets of parameters:
1. The initial probability of state j: {δ s 1 }
Transition probabilities:
Variance covariance matrix {Σ st=j }, intercept and slope parameters {β st=j } We estimate these parameters by maximizing the log CDLL. As proposed by Hamilton (1989) , the likelihood function can be maximized either through numerical maximization or the expectation-maximization (EM) algorithm. In this paper, the EM algorithm is adopted.
First, we need to define two zero-one random variables. (1) One represents the sequence of state {s 1 , s 2 , . . . , s t }: u j (t) = 1 if s t = j; u j (t) = 0 otherwise. (2) The other represents the transition from one state to the next in the next period: v ji (t) = 1 if s t−1 = j and s t = i, t = 1, 2, . . . , T and i, j = 1, 2, . . . , M ; v ji (t) = 0 otherwise. 7 The following two equations are needed to derive this function: Then, the log CDLL can then be written as
Assign initial values for all parameters {δ j }, {γ ji }, {Σ st=j } and {β st=j } for all i, j = 1, 2, . . . , M .
2.
Use the initial values of the parameters to compute:
Replace v ji (t) and u j (t) byv ji (t) andû j (t) in the log CDLL.
2. Maximize the log CDLL w.r.t those three sets of parameters. We can split this process into three separate maximizations.
First, the term M j=1û j (1) log δ j depends only on {δ j }. The solution is
Second, the term
T t=2v ji (t) log γ ji depends only on γ ji . The solution is
where f ji = T t=2v ji (t). Third, the term M j=1 T t=1û j (t) log p j (R t − Z t β st=j ) depends only on {Σ st=j } and {β st=j }. It can be written as follows:
This maximization problem can be solved numerically. Up until now, we have finished one round of the EM algorithm. We use these estimated parameters {δ j }, {γ ji }, {Σ st=j } and {β st=j } as new initial values and repeat the EM steps many times until the changes of all parameters are within a predetermined threshold.
Determination of the number of regimes
Given the factor model described by equation (1), an increase of the number of regimes will increase the parameters to be estimated exponentially. Although a model with more regimes may give a better fit for the data, we wish to find a parsimonious model. Hence, we should adopt a criterion to select an appropriate number of regimes.
In this paper, we use the Bayesian information criterion (BIC) to choose the optimal number of regimes M . Let N be the number of dependent variables, K be the number of intercept and slope coefficients (betas) and T be the number of observations. Then, the total number of parameters to be estimated is
as follows:
Bootstrap estimates of standard errors
The EM algorithm adopted in this study has a drawback. That is, it does not generate a probability distribution of the parameter estimates. To conduct statistical inference on these parameters, we use the bootstrap method to estimate the standard error of parameter estimates.
This bootstrap method is implemented in four steps. First, we simulate a sequence of returns 9 using the parameters estimated by the EM algorithm. Second, we use the newly generated returns to replace the original returns and estimate the parameters based on the new generated returns. Third, we repeat steps one and two many times to get a probability distribution for each parameter. Finally, we use the empirical probability distributions to compute the standard errors for all parameter estimates.
Empirical Analysis 4.1 Data of selected country ETFs
In this paper, we choose to study country ETFs. Since there are a number of country ETFs in the market, we choose the following criteria to select our research sample. First, all these country ETFs should be managed by the same company to maintain portfolio consistency.
Second, the trading history must be long enough so that we could have large samples for our estimation. Third, these ETFs must be liquid in the sense that the ETFs shares are actively traded.
Among all country ETFs existing in the market, only iShares international index funds satisfy the above criteria. We choose eight developed market ETFs which account for a substantial portion of the global market capitalization in total. 10 They are the ETFs for the United States (US), Canada (CA), United Kingdom (UK), Germany (GER), France (FRA), 9 It refers to the returns of country ETFs only. 10 These eight countries account for 76.52% of the MSCI all country world investable market index (ACWI IMI) in value. This index is designed to capture up to 99% of the developed and emerging investable market universe. See file "ACWI IMI factsheet" on the website of MSCI Inc.
Italy (ITA), Australia (AUS), and Japan (JAP).
11 The summary statistics of ETF returns are reported in Tables 1 and 2 explain the behaviours of these country ETF returns. Here, we rank the sector weights in these country ETFs. The rankings are reported in Table 3 .
As we can see from Table 3 , consumer discretionary, energy, financials and materials are the heaviest invested sectors across these country ETFs. These holding distributions may provide some implications about the behaviours of these ETFs. First, the Germany, Japan, U.S. and France ETFs invest heavily in the consumer discretionary sector. Since this sector mainly provides non-essential goods and services, it tends to perform well when the market performs well. Thus, the performance of these four ETFs could be regime dependent. Second, the Canada, U.K. and Italy ETFs invest heavily in energy. Hence, changes of energy prices may have a positive impact on returns of these ETFs. Third, the U.S., Canada, U.K., France,
Italy and Australia ETFs invest heavily in the financial sector with the highest weights. The performance of these ETFs may be subject to changes of interest rate, financial market sentiment and so on. Fouth, Australia, Canada, Germany and U.K. ETFs invest heavily in materials. It implies that increases in raw material prices may lead to higher returns of these ETFs.
Risk factors
As implied by the CAPM, asset returns are systematically related to overall market returns.
Thus, the return of the total market should be priced into asset returns. In the paper, we use the MSCI All Country World Investable Market Index (WOD) as the proxy of the world stock market. This index covers over 9,000 securities across large, mid and small cap segments and across style and sector segments in 45 developed and emerging stock markets.
12
As shown by Roll (1992) , Dumas and Solnik (1995) , Ferson and Harvey (1999) , exchange rates play an important role in pricing international assets. In addition, exchange rates may be quite influential since investors can still trade these country ETFs in the U.S. stock market after the target markets close. Hence, we believe that exchange rates may partly explain the returns of these country ETFs. In this paper, we choose the U.S. dollar index relevant to the ETFs that are exposed to percentage changes of commodity prices [see Table   3 ].
As found by Frankel (1993) 15 It is a world production weighted index based on the quantity of production of each commodity. The daily closing prices are retrieved from Bloomberg. We take log difference to get the percentage changes.
and behave like U.S. securities. We suspect that these U.S. exchange listed country ETFs may also be exposed to some U.S. common risk factors. Hence, we also consider U.S. factors such as size and value, market volatility, yield spread and credit spread.
The Fama-French factors -size and value factors -have been recognized as significant risk factors [see Fama and French (1992 , 1993 ]. The size factor, "Small minus big" (SMB), is the difference between the returns of small capitalization portfolio and big capitalization portfolio for the U.S. market. It is computed as the average return on three small portfolios minus the average return on three big portfolios. 16 The value factor, "High minus low" (HML), is the difference between the returns of portfolio with value stocks and portfolio with growth stocks for the U.S. market. It is computed as the average return on two value portfolios minus the average return on two growth portfolios. 17 The SMB and HML data are retrieved from Kenneth R. French data library.
18
The existing literature has a mixed empirical results on the role of stock market volatility We also consider yield spread (YS) and credit spread (CS) in our asset pricing model. In section 2, the discussion on the YS and CS factors suggests that they may predict country 
20
The summary statistics for these eight risk factors are reported in Table 4 . The correlations for risk factors are reported in Table 5 .
Empirical findings 4.3.1 Model selection
Our preliminary analysis suggests that the six factors (SMB, HML, WOD, VIX, DXY, COM) are statistically significant in linear models for all eight country ETFs returns. Hence, we use these six factors as the starting point for the RS model selection. In this selection process, we use BIC to select the optimal number of risk factors and market regimes. The values of BIC are reported in Table 6 . As we can see from the table, the model with six factors and three states has the lowest BIC value. The remaining of this section discusses the results of this RS model.
Transition probability
The estimated transition probabilities across regimes are given below: 1, 2, 3) . The high probabilities in the main diagonal of the matrix indicate that all three regimes are highly persistent. Among all market regimes, regime 1 is most persistent while regime 3 is least persistent.
Interpretation of market regimes
We interpret the market regimes by evaluating the performance of the first and second moments of the country ETF returns and the risk factors across regimes reported in Tables   7, 8 and 9. The highest average returns for all these ETFs occur in regime 1 while the lowest returns appear in regime 3 [see Table 7 ]. In addition, the mean WOD factor is the highest in regime 1 and lowest in regime 3. The WOD and VIX factors move in opposite directions in these two regimes [see Table 8 ].
Therefore, we label regime 1 as the "bull" market and regime 3 as the "bear" market.
The statistics indicate that regime 2 acts as an intermediate state between regimes 1 and 3.
Hence, we label it as the "transitory" market. These results are consistent with the findings based the data of the same period [see Liu et al. (2011) ]. Table 9 reports the correlations among these country ETF returns across regimes. It is interesting to see that the correlations tend to be high in the bull and bear markets while they are relatively low in the transitory market. That is, these ETF returns are more closely correlated when the market has a clear upward/downward trend and less closely correlated when the market is in the transition between the bull and bear markets.
Determinants of the selected country ETF returns
We now discuss the intercept and slope parameter estimates and the performance of the RS model compared to the six-factor linear model that does not consider any market regimes.
As we can see from Table 11 , the intercept parameter estimates for all ETFs in the sixfactor linear models are statistically insignificant whereas almost all of these estimates are statistically significantly different from zero in the RS model. 21 Clearly, the RS model is able to identify the nonzero intercept estimates by incorporating market regimes and capturing more information than the linear factor model. Second, other than the returns of the Canada ETF, the size factor is negatively associated with the returns of all other country ETFs in some regimes. For instance, the return of U.K.
ETF is negatively correlated with the size factor in all three regimes. Third, the value factor is positively associated with the returns of the rest of country ETFs in all three regimes except for the U.S., Canada and Japan ETFs. As for the U.S. and Canada ETFs, their returns are negatively correlated with the value factor in the transitory regime. The return of the Japan ETF is negatively correlated with the value factor in the bull regime.
The slope parameter estimates of the world market factor for all eight country ETFs are positive in all three regimes. This is consistent with the existing studies. Moreover, different country ETFs have different sensitivities to the world market factor across market regimes.
For instance, the slope parameter estimate associated with the world market factor for the France, Japan and Australia ETFs are greater in the bull regime than in the bear regime.
This suggests that these three ETFs become defensive in the bear market. In addition, the German ETF return tends to positively overreact to the world market factor in all three 22 The slope parameter estimates of the size factor are not significant for the Germany, Japanese and Australia ETFs. The slope parameter estimates of the value factor are not statistically significant for the France and Japan ETFs. The slope parameter estimates of the commodity prices are not significant for the U.K. and Italy ETFs.
regimes. 23 Now, we discuss the market volatility factor. The slope parameter estimates of the market volatility factor for all country ETFs are negative in regimes 1 and 3. In regime 2, the market volatility factor contributes negative premiums to the U.S. and Canada ETFs and positive premiums to all other country ETFs. That is, the market volatility factor is negatively correlated with the returns of all ETFs in the bull and bear regimes. But, it is negatively correlated to the returns of the US and Canada ETFs in the transitory regime.
The slope parameter estimates of the U.S. dollar factor for all country ETFs are as expected. They are positive for the US ETF and negative for the other seven ETFs in all three regimes. This result can be explained intuitively. The stronger the U.S. dollar, the lower the returns of foreign ETFs valued in the U.S. dollar. The positive correlation between the return of the U.S. ETF and U.S. dollar factor suggests that the market demands more for U.S. dollar assets driving up the prices of these assets. Thus the return of the U.S. ETF goes up for given initial prices.
We now examine the commodity prices factor. The slope parameter estimates are negative for the U.S., Germany, France, Italy and Japan ETFs in all three regimes. On the contrary, the slope parameter estimates are positive for the U.K. (except for regime 2), Canada and Australia ETFs. This phenomenon confirms in part our conjecture that those country ETFs exposed to commodity prices tend to be positively correlated with the commodity prices factor. As we can see from Table 13 , the materials and energy sectors account for 33.97%, 48.1% and 36.04% of the U.K., Canada and Australia ETFs in value, respectively. Given an increase in commodity prices, the profit gained from materials and energy sectors outweighs the loss from the other sectors. As a result of the net gain due to higher commodity prices, the values of the underlying assets go up and thus lead to higher returns of these country ETFs. As for the other country ETFs, it works in the opposite direction. Table 10 reports the variance-covariance estimates of the residuals for our RS model.
As we can see from the main diagonal of each matrice in the table, the variances of model residuals are the greatest in "bear" regime and lowest in bull regime. These suggest that 23 The slope parameter estimates of the world market factor are greater than one.
these country ETFs exhibit a higher (lower) idiosyncratic risk in bear (bull) regime that cannot captured by the common risk factors.
Concluding Remarks
In this paper, we apply a regime switching factor model to price the returns of eight country ETFs. These country ETFs are for the countries U.S., U.K., Canada, Germany, France, Italy, Japan and Australia. We incorporate six risk factors in our RS model based on the Bayesian information criterion. These factors are size, value, world stock market, market volatility, U.S. dollar index and commodity prices.
The model identifies three market regimes: bull market (regime 1), transitory market (regime 2) and bear market (regime 3). The bull market is characterized by positive asset returns and low market volatility while asset returns are negative and market volatility is high in the bear regime. The transitory market acts as an intermediate market regime between the bull and bear regimes. Among these three regimes, the bull regime is the most persistent while the bear regime is the least persistent.
We find that the world market has a positive premium for all country ETF returns across market regimes. The U.S. size and value factors can explain the returns of most of these county ETFs. This finding suggests that the returns of these U.S. listed country ETFs are closely related to the size and value factors. Market volatility is negatively correlated with returns of most country ETFs with exceptions for the UK, Germany, France, Italy, Japan and Australia ETFs in the transitory regime. The U.S. dollar index is priced into the returns of these country ETFs contributing a positive premium on the U.S. ETF return and negative premiums on the returns of all other country ETFs across regimes. The returns of the U.K., Canada and Australia ETFs, which heavily invest in materials and energy sectors, are positively correlated with changes of commodity prices while the returns of all other country ETFs have negative relations with these changes in all three market regimes. -8  10  7  10  -4  10  Materials  9  3  4  3  7  -5  2  Producer Durables  6  -------Product Durables  10  -------Technology  2  -------Telecommunication Service  -6  6  8  9  6  8  8  Utilities  8  9  9  6  8  3  9 9 Note: Each number in the table represents the ranking of the weight of a sector held by each corresponding ETF. More specifically, a smaller number stands for a heavier weight of that sector. The symbol "-" indicates that the ETF does not hold any securities from the corresponding sector. The data is retrieved from iShares.com on July 17, 2011. Note: For SMB, HML and WOD, the mean returns in regime 1 are the highest while the mean returns in regime 3 are the lowest. On the contrary, the VIX and COM factors behave in the opposite way. The mean DXY factor is positive in regime 3 and negative in the other two regimes. Note: This table reports the total weight of materials and energy sectors in these eight country ETFs. The data are retrieved from the fact sheets on the website of iShares on July 17, 2011.
